This article presents a method of object-based image analysis (OBIA) for landslide delineation and landsliderelated change detection from multi-temporal satellite images. It uses both spatial and spectral information on landslides, through spectral analysis, shape analysis, textural measurements using a gray-level co-occurrence matrix (GLCM), and fuzzy logic membership functionality. Following an initial segmentation step, particular combinations of various information layers were investigated to generate objects. This was achieved by applying multi-resolution segmentation to IRS-1D, SPOT-5, and ALOS satellite imagery in sequential steps of feature selection and object classification, and using slope and flow direction derivatives from a digital elevation model together with topographically-oriented gray level co-occurrence matrices. Fuzzy membership values were calculated for 11 different membership functions using 20 landslide objects from a landslide training data. Six fuzzy operators were used for the final classification and the accuracies of the resulting landslide maps were compared. A Fuzzy Synthetic Evaluation (FSE) approach was adapted for validation of the results and for an accuracy assessment using the landslide inventory database. The FSE approach revealed that the AND operator performed best with an accuracy of 93.87% for 2005 and 94.74% for 2011, closely followed by the MEAN Arithmetic operator, while the OR and AND (*) operators yielded relatively low accuracies. An object-based change detection was then applied to monitor landslide-related changes that occurred in northern Iran between 2005 and 2011. Knowledge rules to detect possible landslide-related changes were developed by evaluating all possible landslide-related objects for both time steps.
Introduction
Multi-temporal satellite imagery is suitable for generating landslide inventories and detecting changes (Chen et al., 2007; Martha, 2011) . Satellite imagery permits cost-effective assessment of extensive landslide-affected areas and construction of landslide inventories (Hölbling et al., 2012; Ciamalini et al., 2015) . During the last decade, object-based image analysis (OBIA) has gained prominence in remote sensing because it may overcome weaknesses of per-pixel analysis such as the neglect of geometric and contextual information (Blaschke, 2010; Drăguţ and Eisank, 2012) . OBIA integrates spatial and spectral characteristics and partitions remote sensing imagery and other data into meaningful objects. It bridges remote sensing and GIS while assessing characteristics of the objects through spatial, spectral and temporal scales so as to ultimately generating new geographic information in GIS-ready format. In this regard, OBIA provides a platform suitable for the integration of thematic data such as elevation data (Drăguţ and Blaschke, 2006; Van Asselen and Seijmonsbergen, 2006; . OBIA allows users to apply local variations to analysis. It incorporates both spectral information such as pixel values, tone, and color and spatial information such as object size, shape, pattern, and associations with neighboring objects. In particular, OBIA can utilize expert knowledge in the classification process (Zhou and Troy, 2008) . Therefore, OBIA is similar to the visutal interpretation of aerial photos to some extent (Laliberte et al., 2004; Aksoy and Ercanoglu, 2012) .
OBIA is also promising for mapping landslides (Guzzetti et al., 2012; Van Den Eeckhaut et al., 2012) and has considerable potential for monitoring landslide-prone areas since spectral, spatial, contextual, and morphological parameters can all be taken into account (Hölbling and Füreder, 2011; Hölbling et al., 2012) . It has been employed for semiautomated landslide identification from airborne and satellite data (e.g. Barlow et al., 2003; Martha et al., , 2012 Stumpf and Kerle, 2011) including multitemporal ones for change detection (Lu et al., 2011; Van Den Eeckhaut et al., 2012) . Bridging remote sensing and GIS through OBIA techniques by means of integrating satellite images with other datasets such as Digital Elevation Models (DEMs) and their derivatives can produce better results than stand-alone approaches to landslide mapping (McDermid and Franklin, 1994; Florinsky, 1998; . Object-based image classification describes landslide-diagnostic features based on expert knowledge to accurately detect landslides (Barlow et al., 2003 (Barlow et al., , 2006 . Among object-based image classification methods, fuzzy rule based ones have become important in recent years. Fuzzy rule or logic is based on fuzzy set theory to make approximate deductions (Hofmann et al., 2011a) . The term 'fuzzy logic' emerged from the development of fuzzy set theory by Zadeh (1965) . Fuzzy logic allows the use of membership functions and the degree of truth attributed to each extracted object (Sebari and He, 2013) . Fuzzy sets have functions expressing their degree of membership, which is a mathematical approach for quantifying uncertain elements. Fuzzy set theory replaces the two strict logical statements '0' (not a member) and '1' (member) with a continuous membership range [0, 1] (Aksoy and Ercanoglu, 2012) . It can thus deal with uncertainty and vagueness inherent to classification of spatial entities (Bezdek and Pals, 1992; Benz, 1999; Hay et al., 2003; Benz et al., 2004; Hofmann et al., 2011a) .
Several approaches have been proposed for establishing fuzzy classification from numerical data (Ghosh et al., 2008) including those with OBIA (Sebari and He, 2013; Hofmann et al., 2011b) . Blaschke (2010) indicated that fuzzy rule based OBIA classifications were more precise than per-pixel classifications. A fuzzy rule based classification generates membership functions, and subsequently 'degrees of truth' attributed to each parameter. In OBIA, the degrees of truth relate to individual extracted objects rather than pixels (Dubois et al., 2007; Sebari and He, 2013) . Object attributes are consequently described by fuzzy propositions and treated as fuzzy sets characterized by a membership function. The membership degree of an object for a particular attribute is determined by the value of the considered attribute. Each class is described by a fuzzy rule that expresses the relationship between the class and the properties that describe it. The satisfaction degree of a class rule is determined according to the membership degrees of the attribute (Sebari and He, 2013) . However, a fuzzy approach can use many different membership functions and fuzzy operators to combine the functions. Although selecting appropriate functions and fuzzy operators is crucial, their effects have rarely been studied. Blaschke et al. (2014) demonstrated the potential of spectral attributes (e.g. brightness, and the normalized difference vegetation index: NDVI) and spatial properties (e.g. results from GLCM textural analysis) for landslide delineation through OBIA. This paper describes the application of fuzzy rule sets and their membership functions, and investigates the influence of the choice of fuzzy operators on the detection and assessment of landslide-related changes in the northern part of Iran between 2005 and 2011.
Study area and dataset
The study area is a part of the Lake Urmia basin in north-western Iran (Fig. 1) . Landslides are common in this basin due to unstable slopes in complex geology and tectonic settings . A landslide inventory for this area is available from the Ministry of Natural Resources (MNR), East Azerbaijan Province, Iran. It includes records of 109 landslide events whose GPS coordinates were recorded during field surveys (MNR, 2010) . Field observations and data in the landslide inventory indicate that most landslides can be categorized as rotational slides and occurred at elevations above 1600 m on slopes steeper than 7%, within agricultural and pastoral areas (Feizizadeh and Blaschke, 2013b; Blaschke et al., 2014) . We used these physical characteristics for detecting landslides using OBIA techniques. However, the detection also depends on many other factors such as the typology, frequency, and size of landslides as well as land cover and relief. A DEM and derivatives such as slope and flow direction is therefore critical for successful landslide detection . We used semi-automated fuzzy rule based classification to delineate landslides through change detection analysis, for which we used a multispectral SPOT-5 satellite image with 10 m resolution taken on 05 May 2005, an IRS-1D P6 panchromatic satellite image with 5.8 m resolution on 21 May 2005, and a multispectral ALOS satellite image with 10 m resolution on 12 May 2011. We also used a 10-m resolution DEM derived from a 1:25,000 scale topographic map for our previous research , to extract morphometric characteristic of landslides. A combination of features from each data layer was then used in a knowledge and object-based approach to detect landslides in rugged terrain of the Lake Urmia basin. Our semi-automated approach was developed in Cognition Network Language (CNL), a modular programming language available within the eCognition software (Trimble Geospatial).
Methodology

Landslide recognition: workflow
A review of object-based landslide delineation in previous studies has revealed the increasing complexity of landslide classification. While earlier approaches were largely restricted to using the digital number values from multispectral bands, subsequent approaches have made use of, for example, NDVI, various textural indices, DEM derivatives, additional vector layers from other sources (e.g., for flow accumulation and stream networks), and shadow masks Lu et al., 2011) . Building on these findings, we developed a research methodology based on the integration of GIS-functionality with remote sensing data for landslide mapping and change detection analysis. OBIA basically relies on two interrelated methodological steps (Lang, 2008) . The first step is the segmentation or subdivision of images into image primitives that demarcate the boundaries of relevant features, on different scales if necessary, resulting in homogeneous objects that reduce the noise inherent to pixel-based analysis and facilitate a multi-scale analysis (Blaschke, 2010) . The second step is rule-based or samplebased classification of the segments using the spectral, textural, morphometric, and contextual features of landslides (Drăguţ and Eisank, 2011; Van Den Eeckhaut et al., 2012) . This process is usually cyclic, with objects being re-shaped or new objects created within the process by the different classification steps.
In order to use change detection to identify landslides, we first performed fuzzy rule based classification for the IRS-ID, SPOT, and GIS data in 2005. A similar classification was then performed for the ALOS and GIS data in 2011 in order to identify landslides that had occurred in the intervening period and to monitor changes to previously identified landslides. Our methodology consisted of three stages. In the first stage, all required datasets were prepared and geometric and atmospheric corrections were applied to the satellite data. Relevant geometric and thematic editing was carried out on the original topographic maps in order to create a DEM and derive slope and flow direction data. In the second stage the fuzzy rule based classification and thresholding were developed in order to identify and delineate landslides. In the third stage an object-based change detection was performed in order to map landslide-related change. Fig. 2 presents the methodology of the semiautomated process.
Image segmentation
Image segmentation is an important process in OBIA that groups spectrally and spatially homogenous pixels into coherent objects (Martha, 2011) . This process generates the building blocks of OBIA, and the quality of the target object delineation directly influences the accuracy of the subsequent image classification. Multi-resolution segmentation (MRS; Baatz and Schäpe, 2000) is one of the most frequently B. Feizizadeh et al. Geomorphology 293 (2017) 240-254 used algorithms for image segmentation in earth science studies (Blaschke, 2010) . MRS is a bottom-up region-growing segmentation that merges the most similar adjacent pixels or regions as long as the internal heterogeneity of the resulting object does not exceed a userdefined threshold (Benz et al., 2004) . The segmentation results depend on the data characteristics such as spatial resolution, the number of bands, image quantization, and scene characteristics . Segmentation using eCognition is based on a scale factor, which is the heterogeneity threshold for the spectral information or color. It also involves a user-defined weighting based on shape compactness and smoothness (eCognition Developer, 2011) . Considering the complexity of landslide characteristics such as variations in land cover and size as well as their differences in illumination and spectral behavior on remote sensing images, it can be difficult to delineate each individual landslide as a single object Lu et al., 2011) . Oversegmentation and under-segmentation can, however, be reduced by using a multi-scale optimization approach Lu et al., 2011) . We used MRS for the initial segmentation, parameterized according to the specific requirements for event-based rapid mapping of landslides and incorporated into a multi-scale optimization routine. MRS requires weightings of different input layers (bands), and a scale parameter of the maximum permitted heterogeneity within individual segments. We attempted MRS using spectral and spatial information for landslides by integrating the satellite images with the GIS data. Landslide inventory data were also included to improve the segmentation process and obtain a suitable scale parameter. For this goal, each level of segmentation were performed twice with consecutively smaller increments for obtaining a suitable scale parameter. The segmentation was repeated for five scales (5, 7, 8, 9 and 10) with the same shape factor (0.3) and compactness factor (0.5). In each step the result from the previous cycle became the sub-object level, and a number of objects were merged according to the next larger scale factor to create a superobject level as suggested by Lu et al. (2011) . In subsequent steps, smaller image objects were merged into larger ones based on the chosen scale, color, and shape parameters, to define the growth in heterogeneity between adjacent image objects. A larger scale parameter usually results in larger image objects, since it allows a greater heterogeneity of pixel values within each object.
Selection of sample data and features
This study presents a new approach of landslide detection using the membership functionality offered by fuzzy set theory together with 'rule based classification' utilizing spectral, shape, and textural features while for the latter gray-level co-occurrence matrices (GLCM) were calculated for objects rather than for pixels. A total of 42 features (23 from the 2005 data and 19 from the 2011 data) were selected for landslide detection and delineation, based on information from literature and by taking into account the physical characteristics of landslides in the study area Lu et al., 2011; Aksoy and Ercanoglu, 2012; Blaschke et al., 2014) . The full list of feature properties is represented in Table 1 . As mentioned before, most landslides in the study area are rotational slides Blaschke, 2013a, 2013b; . Fig. 3 shows two examples of typical landslides in the study area. The rotational slides display abrupt changes in slope morphology, with concavity in the depletion zone and convexity in the accumulation zone (Soeters and van Westen, 1996; Aksoy and Ercanoglu, 2012) . They also exhibit clear vegetational contrasts with their surroundings such as light toned scarps (Aksoy and Ercanoglu, 2012) . For the fuzzy logic membership approach, we selected 20 training samples from the landslide inventory. The selection of proper training samples is one of the key steps in fuzzy rule based classification.
Fuzzy logic in OBIA and object-based landslide mapping
Fuzzy classification systems are well suited to handling sources of vagueness in information extraction using remote sensing (Aksoy and Ercanoglu, 2012) . In a fuzzy-OBIA approach, the features of each object can be described by a fuzzy proposition and treated as a fuzzy set characterized by a membership function. The membership degree of each object is determined according to the value of its attribute. The class of each object is described by a fuzzy rule that expresses the relationship between the class and the properties that describe it. The satisfaction degree of a class rule is determined according to the membership degrees of the properties (Sebari and He, 2013) .
The uncertainties in object-based landslide delineation reflect boundaries of objects and with fuzziness in the definition of map classes, with the possibility of an object belonging to more than one classes. However, the benefits of object-based landslide delineation include the ability to express the membership degrees of objects for different classes and the uncertainty related to the objects extraction process (Sebari and He, 2013) . In order to deal with the issue of uncertainties, fuzzy rules are used for steering and controlling processes or assigning objects to fuzzy sets (Hofmann et al., 2011a) . Accordingly, we used fuzzy rule sets for dealing with uncertainty and vagueness and to examine the advantages of this approach.
Fuzzy propositions on object properties
A fuzzy proposition on an object property is a fuzzy formulation of the condition that the quantifiable attribute must satisfy to discriminate the object. The formulation starts with the description of the property by a fuzzy subset. A fuzzy proposition is generally of the form x is p, with x being a variable and p being the fuzzy subset studied. The subset is defined by a membership function μ p of the property p that allocates to each attribute value X a value μ p (X) within the interval [0, 1]. μ p (X) reflects the satisfaction degree of p by an object: the higher the degree to which the property is satisfied, the higher the membership degree. A complement operator is used to determine the satisfaction degree of the contrasting property. For example, if μ c (X) is the membership degree for a compact shape property (Sebari and He, 2013) , the membership degree for a non-compact shape property μ non c (X) is given by:
In OBIA, the above procedure is usually achieved by describing the desired classes as fuzzy sets of image objects, where each class is described by at least one membership function defining the degree of membership μ for each object, depending on the values of a selected object property. The degrees of membership μ lie in the range between 0 and 1. The membership function thus describes the degree of fulfillment concerning a property that an object requires to be considered as a member of the desired class. In other words, μ = 0 means no membership of the class, and μ = 1 means the conditions for membership are completely fulfilled. In practice, a minimum threshold for μ is defined in order to crisp a classification result, where objects having a degree of membership below this threshold are assumed to be nonmembers (Hofmann et al., 2011a) . There are several types of membership functions including continuous (e.g. Gaussian and sigmoidal) and piecewise linear (e.g. triangular and trapezoidal) (Sebari and He,
B)
A) Fig. 3 . Two examples of typical landslides within the study area. A) Sample of landslides that can be delineated based on shape and geometric algorithms. B) Sample of landslides that can be delineated based on spectral and brightens techniques. 2013). The membership function can also be categorized into three groups: fuzzy-greater-than, fuzzy-lower-than, and fuzzy-range, in which the function shapes can vary (Hofmann et al., 2011a) . Technically speaking, there are three parameters to describe a membership function: α indicates the lower border concerning a property p, β indicates the upper border, and a is the mean of the membership function's range v: Particular classes are usually defined based on both a particular property and several fuzzy sets in which the membership functions for each property are combined by the fuzzy-logic operators AND and OR. For the AND operator the degree of membership is usually given by the property with the lowest degree of membership, and for the OR operator by the property with the highest degree of membership. Thus, only those feature-space spanning properties that are clearly necessary are used for class descriptions. The resulting degree of membership or the degree of fulfilling the classification conditions assigned to each object can be used to quantify the reliability of a classification (Benz et al., 2004; Definiens Developer 7, 2007) .
Membership value analysis
A membership function is a mathematical function that defines the membership degree of an element membership in a fuzzy set (Nedeljkovic, 2004) . As discussed in the previous section, after applying a fuzzy rule set, each object has a membership degree for each class between 0 and 1. In order to interpret the results and take them into account in fuzzy rule based classification, we adopted certain notions from the possibility theory, which is related to the fuzzy sets theory and allows the use of imprecise or vague information. If C is a set of classes, a possibility distribution p is defined as a function that attributes a possibility coefficient p π X (C i ) to each element of C; the coefficient represents the possibility of an object x belonging to a class C i . If π X (C i ) = 0 then the object cannot belong to the class C i , while if π X (C i ) = 1 then the object can belong to the class C i . A possibility distribution can be used to define measures to estimate the quality of the extraction by quantifying its imprecisions and uncertainties. We used possibility and necessity measures. A possibility measure considers, for any part of class A:
whereby the value of П (A) corresponds to the element (s) of A having the greatest possibility degree according to px (Dubois et al., 2007; Sebari and He, 2013) when sup is the comparison of the satisfaction degrees of the various class rules and u is the membership degree. It satisfies the following max-decomposability characteristic property (Dubois et al., 2007) :
The possibility measure of an event estimates to what extent it is possible. The necessity measure is also defined as the impossibility of A( "not A"):
Thus P(A) corresponds to the possibility that A is true and N(A) is the certainty that A is true (Marsala and Bouchon-Meunier, 2003) . By using these two measures, the imprecision and the uncertainty of the object extraction process is quantified and consequently its quality is estimated. 
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is AND AND is AND is THEN is
where "X i is P i " is a fuzzy proposition on a property and "Y is C i " is the conclusion translating membership to the class C i . The degree of satisfaction of a rule is obtained using a fuzzy aggregation operator, which aggregates the membership degrees like a logical AND as follows:
where μ Ci (X) is the membership degree of object x to class C i , μ Pi (X) is the satisfaction degree of object X to property P i , and α is the number of fuzzy property propositions constituting the class rule. With this approach, if one of the rules concludes that the membership degree to class C i is 0, no other rule can change this conclusion, and class C i will be considered impossible. In other words, if an object does not satisfy an object class property, it will not be allocated to that class and its satisfaction degree will be zero. Meanwhile, this operator verifies the normalization condition:
and a comparison of the satisfaction degrees of the various class rules is possible.
The membership function of each class is represented by a singleton. The membership degree is a real value in the interval [0, 1] (Sebari and He, 2013) . Tables 2 and 3 represent the mean membership values for the 42 features considered. These mean membership values were calculated using the 20 landslide objects chosen as sample data, through 11 membership functions: larger than, smaller than, larger than (Boolean, crisp), smaller than (Boolean, crisp), larger than (linear), smaller than (linear), linear range (triangle), linear range (triangle inverted), singleton (exactly one value), approximate Gaussian, and about range. The shapes of membership functions are defined using information collected during the modeling step, related to the mathematical formulations and threshold values of the attributes. The shape is specific to each property (Sebari and He, 2013) . Fig. 4 shows the variability in the obtained sample-based membership values. Our fuzzy membership functions were applied through six operators: "and (min) " (abbreviation = AND), "or (max) " (OR), "mean (geometric) " (MGE), "mean (arithmetic) " (MAR), "mean (geom.weighted) " (MGWE) and "and (⁎) " (ALP), where AND and ALP refer to logical intersection and return the minimum of the fuzzy values, OR refers to logical union and returns the maximum of the fuzzy values, MAR and MGE return the arithmetic and geometric means, and MGWE returns the geometrically weighted mean of the fuzzy values (Aksoy and Ercanoglu, 2012) . Fig. 5 shows the membership values calculated using fuzzy operators.
Fuzzy rule based classification and assigning objects to landslides
Following the application of the fuzzy rule, each object has a membership degree to be assigned to a particular map class (Sebari and He, 2013) . The fuzzy rule based classification consists of an n-dimensional tuple of membership degrees, which describes the degree of class 
' is an average of the mean NDVI values for "landslide candidates" (LC) and vegetated areas (VA). The NDVI, which has a value between − 1.0 and + 1. i is the row number j is the column number N is the number of rows or columns P i,j is the probability value from the GLCM The asterisk coordinates the second column (confidence in classification) to the last column (ICR) by means of indication the level of accuracy.
assignment μ of the considered object obj to the n considered classes:
class class class n 1 2
(10)
The mean fuzzy membership was analyzed to select the most effective and beneficial features for the fuzzy rule based classification. We took into account spectral, textural, geometric, and contextual related features for the classification. The choice of features was based on literature as well as the highest membership values. Table 4 shows the features considered and their mathematical backgrounds. Most of them are related to threshold values of parameters such as brightness, NDVI, mean curvature, slope, and GLCM textural (e.g. Martha et al., , 2012 Stumpf and Kerle, 2011; Hölbling et al., 2012; Blaschke et al., 2014) . In order to address the uncertainty and vagueness, we used fuzzy classification methods based on the six operators which are discussed in section "Membership value analysis". Two classes were used in the classification: "possible landslide" and "no-landslide". Since the fuzzy values from the classification represent a range of values between [0, 1], these need to be categorized to produce standard landslide maps. For this, the maximum membership degree of the fuzzy rule based classifications was used. If the maximum membership degree of a class is below a threshold, no classification is performed. A threshold of 0.5 was used to assign an object to a class (eCognition Developer, 2011): objects with values ≥ 0.5 were assigned as landslides, while those with lower values were considered no-landslides.
Accuracy assessment
An accuracy assessment provides measures of the reliability of the classified data and the degree to which they are correct (Comber et al., 2012) . The cross tabulation of classified data against reference data is commonly known as the error matrix (or confusion/validation matrix). It provides measures including the overall accuracy, user's accuracy, and producer's accuracy (Congalton, 1991; Congalton and Green, 1999; Comber et al., 2012) . These conventional measures, however, are unsuitable for accuracy assessment of fuzzy classification (Woodcock and Gopal, 2000) . In our research the Fuzzy Synthetic Evaluation (FSE) approach was adapted to compute the accuracy of classifications. The FSE, proposed by Sarmento et al. (2008) , aims to combine the matches and non-matches between a fuzzy based classified map and a reference map such as a landslide inventory map (Pontius and Cheuk, 2006) . We used 109 known landslide locations recorded during field surveys (MNR, 2010) to assess the accuracy of the 12 maps derived using different fuzzy operators. Accordingly, FSE values for each sample and their respective confidence ratings were used to calibrate overall and per class accuracy estimates for the classified maps in a two-step process. The first step involved calculating the classification confidence or the magnitude of error for each sample observation, on the basis of the Difference fuzzy function which is proposed by Gopal and Woodcock (1994) . In the second step an FSE for thematic map accuracy was performed by weighting per class Difference category values in order to obtain a single accuracy value. The Difference function aims to evaluate the per class confidence in the classification and the magnitudes of errors (Gopal and Woodcock, 1994; Sarmento et al., 2008) . The confidence is estimated on the basis of the proportion of sample observations that match the reference data and their respective confidence ratings. According to the Difference function there is a very high classification confidence (VHCC) for an observation matching the reference data, and if the interpretation confidence rating (ICR) attains 90% (Gopal and Woodcock, 1994; Sarmento et al., 2008) . In contrast, there is a very reduced classification confidence (VRCC) if ICR attains 50%. Table 5 shows the different confidence levels for Difference fuzzy functions, depending on the map class and ICR. As with the classification confidence, the amount of error increases as ICR increases (Sarmento et al., 2008) . Table 6 presents the error magnitudes according to the potential demand class and alternative class, as well as the ICR values. Difference function values are presented for each category. We aimed to convert these qualitative values into quantitative values that would allow the user to easily evaluate the thematic quality of the maps. The approach that we adopted involved an FSE of Difference values. This allowed overall and per class accuracy estimations for the maps using the proportions of the weighted sum of sample observations in each Difference category per map class. In order to estimate the overall accuracy, we used the whole map classification as an auxiliary variable in the estimation procedure. The maximum contribution to the accuracies of the classes comes from the VHCC observations, because they imply absolute confidence in the classifications. Likewise, the contribution from Very High Error (VHE) observations is zero because in these situations the map class is associated with very high error (Sarmento et al., 2008) .
Landslide change detection analysis
After landladies maps were produced and assessed, the object-based change detection analysis was performed to detect landslides that occurred between 2005 and 2011. Object-based change detection (OBCD) is defined as a "process of identifying differences in geographic objects at different moments using OBIA" (Hussain et al., 2013, p.99) . We used a classified objects change detection (COCD) approach for change detection analysis of landslides. COCD is the most commonly used OBCD methodology that allows the creation of a change matrix. This approach performs OBIA on multi-temporal images to extract objects and classify them independently. The classified objects are then compared on the basis of both geometry and class membership, for a detailed change analysis. The classification algorithms used in OBCD incorporate both spectral and spatial information, together with derived factors such as textural analysis. The COCD results are strongly dependent on the performance and accuracy of the classification algorithm (Hussain et al., 2013) . We used the landslide objects from the 2005 images as a baseline for the COCD approach and assigned changes to the 2011 image. The first step of this approach involved the creation of layers containing landslide objects, which are necessary for a change detection analysis. These objects were derived from the six maps produced for Table 6 Proportions of sample observations in each Difference category and accuracy assessments of the fuzzy operators used to generate landslide maps for 2005 and 2011(see Table 6 2005 and the six maps produced for 2011, using the different fuzzy operators (Fig. 6 ). In the second step, knowledge rules were developed to detect landslide changes by evaluating all landslide objects that were identified in the first step. Actual landslide changes were determined to have occurred if the same object had different identities in the 2005 and 2011 data sets. This process was automated based on the knowledge rules developed (Aguirre Gutiérrez et al., 2012) . The knowledge rules for change were structured as follows: "If 'class name' in combined classification layer 2005s'class name' in combined classification layer 2011, then 'change' to that cover class". The knowledge rules for 'no change' were structured as follows: "If 'class name' in the combined classification layer of 2005 'class name' in the combined classification layer of 2011, then 'no change' is recorded".
Results
As outlined in Section 3.5, the fuzzy rule based classifications were performed by employing six fuzzy-operators. Fig. 6 shows 12 maps that were produced for 2005 and 2012 on the basis of the membership functions and operators, expressing the possibility of objects belonging to the "possible landslide" class. In order to validate the results the FSE approach was applied to obtain ICR values. The results of the FSE based accuracy assessment for fuzzy operators are presented in Table 6 and Figs. 7 and 8. The best performance landslide map for 2005 was obtained through the AND operator, which yielded an FSE accuracy of 93.87%. The second best performance was obtained from the classification using the fuzzy MEG operator (FSE accuracy: 93.32%), closely followed by the MAR operator (93.67%). The OR operator yielded an FSE accuracy of 91.98% and the ALP operator yielded an accuracy of 89.45%. The MEGW operator yielded relatively poor results (86.18%) compared to the other operators. For the 2011 landslide maps the fuzzy AND operator again yielded the best results (FSE accuracy: 94.74%). The maps produced using the MGE and MAR operators yielded the next best performances (93.32% and 93.07%, respectively). The accuracy achieved using the OR operator was 92.11%, and that using the ALP operator was 90.3%. The MEGW operator again yielded the poorest result (88.12%). After this validation step, an object-based change detection analysis was applied to monitor landslides changes from 2005 to 2011. Fig. 9 shows the results of the object-based landslide change detection between 2005 and 2011. 
Discussion
Our research has focused on fuzzy classification methods and techniques. We aimed to calculate fuzzy membership for selected features and to apply fuzzy rules to objects while using different operators within the classification process. It should be noted that fuzzy classification can generally be performed in a number of different ways, such as using fuzzy classifiers, softening the output of hard classifications (e.g. with the maximum likelihood technique), or using neural network approaches. However, soft classification based on membership values is considered to be a major advantage of the fuzzy approach, leading to a wide range of possible membership levels for objects, from full membership in one class to varying memberships of all classes (Woodcock and Gopal, 2000) . In fuzzy OBIA each object class membership value represents the likelihood of the object belonging to that particular class according to the membership function derived from training data or selected by experts. Classification uncertainty can therefore be represented by objects that have relatively high membership values for more than one class, or do not have a sufficiently high membership for any class (Gong et al., 1996) , which are referred to as 'fuzzy objects' (Dronova et al., 2011) . The definition of 'fuzziness' depends on the membership function cutoff value, i.e. the objects assigned to a primary class are considered fuzzy if their membership to at least one secondary or alternative class exceeds some cutoff membership value. In an 'ideal' scenario (e.g. if training data and discriminating features allow a perfect separation of classes) such cutoff values should be very close to zero. However, in real world situations and in particular when the numbers of spectral bands and discriminating features are limited, a membership function may overlap (Dronova et al., 2011) . This overlapping was very obvious when we calculated membership values from a panchromatic IRS-Id satellite image. Such overlapping results in some objects that have non-zero membership values being assigned to alternative classes. They show that objects may also be fuzzy in this respect when the boundaries between different cover types fall within an object or when two or more cover types are 'mixed' at finer spatial scales (Dronova et al., 2011) . In a multiscale segmentation and classification approach, this can usually be attributed to a non-perfect initial segmentation or an ambiguous choice of segmentation level.
As discussed in Section 3.5, in order to use the classification results to produce standard maps (e.g. landslide maps), the fuzzy results need to be translated back into crisp values ("defuzzification"). This can be achieved by choosing the maximum membership degree of the fuzzy classification as a crisp class assignment, which is a commonly used A) B) approach for defuzzification of fuzzy classification results. If the maximum membership degree of a class is below the chosen threshold, no classification is performed in order to ensure minimum reliability. As this output removes the rich measures of uncertainty of the fuzzy classification, this step should be only performed if it is really necessary, and then as late as possible in the whole information extraction process (Lu et al., 2011) . However, since fuzzy classification employs several membership functions, it is possible to analyze membership functions for obtaining the highest membership values. According to the results, the accuracy of a fuzzy classification can be significantly improved by selecting an appropriate operator. Our research demonstrated a way how to identify the most effective and beneficial fuzzy operator. The overall accuracies obtained from the FSE analyses revealed that the AND, MGE, and MAR operators performed satisfactorily, while the OR, ALP and MGEW operators yielded relatively poor results. It should be noted that fuzzy sets and fuzzy operators are the subjects and verbs of fuzzy logic (Nedeljkovic, 2004) . Using different operators will naturally result in different accuracies, and hence defining the right or most appropriate trade-off value is an important issue for accuracy assessment. Our results indicated that the AND operate performed best. Technically speaking the AND operator is an aggregate operator that represents the MIN risk decision-making, while other operators such as the OR operator represent the MAX risk decision-making in a strategy space with different level of trade-offs as well (Gorsevski et al., 2012, Feizizadeh and .
Accuracy assessments for fuzzy classifications may refer to the appropriateness of the information conveyed by the error matrix, which can be limited due to variations in specific local conditions such as error distributions occur and heteroscedastic residual distributions (Stehman, 2000 (Stehman, , 2006 Comber et al., 2012) . In order to deal with this issue we used an FSE approach to obtain an overall accuracy assessment of fuzzy classifications. FSE involves comparing the map label assigned to each sample site with an evaluation provided by an expert. At each site the expert assigns a qualitative rating for each possible map label. The rating system uses a linguistic scale, based on the premise that experts most often use linguistic constructs to describe map accuracy (Woodcock and Gopal, 2000) . The ratings and scores are obtained through linguistic values used to estimate the membership value of each map class at each sample site. This allows the experts to acknowledge any existing heterogeneity or ambiguity in the map classes (Woodcock and Gopal, 2000) . A blind testing procedure is also used, meaning the expert has no previous knowledge of the map data when assessing a site. The expert is not limited to a single match for each site, is not bound to find a perfect match for each site, and needs to evaluate all map categories at each test site using the linguistic membership scale. There is therefore no need to provide the expert with the actual mapped category for each test site (Woodcock and Gopal, 2000) . We conclude that this study has demonstrated that FSE is able to identify extremely well the relative accuracies resulting from the use of different fuzzy operators.
Conclusion
The objective of this research was to investigate the influences that different membership functions have on OBIA fuzzy rule based classifications. We carried out fuzzy such classifications for landslide delineation and tested the resulting maps against a landslide inventory dataset. The results indicate that the accuracies of fuzzy rule based classifications are significantly affected by the choice of fuzzy operator. We conclude that these results can help to develop OBIA approaches. The integration of OBIA for landslide delineation with landslide change detection analysis requires further development. Previous researchers have demonstrated the capabilities of OBIA and fuzzy rule based classification for landslide delineation Aksoy and Ercanoglu, 2012; Blaschke et al., 2014 ) but a better understanding of the factors contributing to classification uncertainty is required. This applies to the choice of both the fuzzy operators and the parameters used. Our results provide a first step towards an improved understanding of fuzzy logic operators in OBIA.
This study demonstrates the efficacy of the FSE approach for assessing the accuracy of fuzzy based classification. To the best of our knowledge, the FSE approach has not previously been implemented in OBIA, but our results clearly show that OBIA can benefit from such an integration. The level of classification accuracy calculated using FSE indicates that fuzzy logic can be satisfactorily used for object-based image classification and that such an integrated framework has the potential to produce more accurate results. As mentioned in Section 5, limitations in the number of spectral bands and discriminating features may cause overlaps between membership functions. Future research should focus on applying fuzzy rule based classifications to hyper spectral satellite images in order to analyze the effect that introducing additional bands has on improving classification accuracy. Our research has mainly focused on unraveling the capability of each fuzzy operator but our future work will also include a combination of fuzzy operators for landslide delineation. Future work will also address the integration of fuzzy rule based classification with aggregation operators in decision making using the Dempster Shafer Theory, in order to visualize the spatial uncertainty of results.
The Results of this research demonstrate that OBIA can be used to efficiently delineate landslides, update landslide inventories, and monitor landslide behavior. We would like to emphasize that the resulting landslide prediction maps were not produced only for the sake of comparisons between the fuzzy membership functions and operators, but the depicted landslide locations will also be submitted to the keepers of the landslide inventory database. However, the landslide locations classified by fuzzy-OBIA in this study refer to possible areas where landslides may occur and are therefore similar to maps produced as a result of direct mapping by expert geoscientists or geomorphologists when assessing landslide potential. The Results of this study will therefore also be provided to the relevant East Azerbaijan authorities responsible for risk management. The information provided by these maps will assist planners and engineers in analyzing landslide behavior with the objective of reducing future losses due to landslides through prevention, mitigation, and avoidance.
